Lipid traits (total, low-density and high-density lipoprotein cholesterol, and triglycerides) are risk factors for cardiovascular disease. DNA methylation is not only an inherited but also modifiable epigenetic mark that has been related to cardiovascular risk factors. Our aim was to identify loci showing differential DNA methylation related to serum lipid levels. Blood DNA methylation was assessed using the Illumina Human Methylation 450 BeadChip. A two-stage epigenome-wide association study was performed, with a discovery sample in the REGICOR study (n ¼ 645) and validation in the Framingham Offspring Study (n ¼ 2,542). Fourteen CpG sites located in nine genes (SREBF1, SREBF2, PHOSPHO1, SYNGAP1, ABCG1, CPT1A, MYLIP, TXNIP and SLC7A11) and 2 intergenic regions showed differential methylation in association with lipid traits. Six of these genes and 1 intergenic region were new discoveries showing differential methylation related to total cholesterol (SREBF2), HDLcholesterol (PHOSPHO1, SYNGAP1 and an intergenic region in chromosome 2) and triglycerides (MYLIP, TXNIP and SLC7A11). These CpGs explained 0.7%, 9.5% and 18.9% of the variability of total cholesterol, HDL cholesterol and triglycerides in the Framingham Offspring Study, respectively. The expression of the genes SREBF2 and SREBF1 was inversely associated with methylation of their corresponding CpGs (P-value ¼ 0.0042 and 0.0045, respectively) in participants of the GOLDN study (n ¼ 98). In turn, SREBF1 expression was directly associated with HDL cholesterol (P-value ¼ 0.0429). Genetic variants in SREBF1, PHOSPHO1, ABCG1 and CPT1A were also associated with lipid profile. Further research is warranted to functionally validate these new loci and assess the causality of new and established associations between these differentially methylated loci and lipid metabolism.
Introduction
Total cholesterol (TC), low-density lipoprotein cholesterol (LDL-c), high-density lipoprotein cholesterol (HDL-c), and triglycerides (TG) are among the most important risk factors for cardiovascular disease, the leading cause of death worldwide (1, 2) . Serum lipid levels are determined by a complex interplay between environmental, lifestyle and genetic factors (3) .
In recent years, new technological advances have allowed the study of epigenetic mechanisms that affect chromatin structure and influence transcription levels. In the field of cardiovascular diseases, several studies have analysed the association between DNA methylation and lipid traits (4) (5) (6) (7) . DNA methylation is a heritable but reversible addition of a methyl group to a nucleotide. This process usually occurs in cytosine nucleotides in the presence of cytosine-phosphate-guanine (CpG), and can now be analysed by epigenome-wide association studies (EWAS) using arrays that cover thousands of CpGs across the genome.
The aim of the present study was to identify and validate new individual CpGs showing differential methylation related to serum lipid traits (TC, LDL-c, HDL-c and TG) in a populationbased survey using an EWAS design. Additionally, we used shotgun transcriptomics (RNASeq) data to assess the associations between methylation at each validated CpG site and gene transcript level, as well as between gene transcript level and lipid phenotypes.
Results

Discovery stage of the EWAS analysis
After quality control steps, the discovery analysis included 645 individuals (99.5%; three individuals were excluded) and 427,948 probes (88.7%; 57,629 probes were excluded). A descriptive analysis of the main sociodemographic and clinical characteristics of the included individuals is shown in Table 1 .
The relationship between observed and predicted P-values for all the associated tests between methylation levels and each lipid trait is shown in QQ and Manhattan plots ( Supplementary  Material, Fig. S1 ). In the discovery sample, we identified 113 CpGs (27 using model 1 -adjusted for covariates but not for surrogates variables-and 105 using model 2-adjusted for covariates and surrogates variables-) showing a suggestive association between methylation levels and lipid traits with an arbitrary Pvalue threshold <1x10 À 5 (Supplementary Material, Table S1 and Fig. 1A ). These CpG sites were located in 88 genes, 3 lncRNA and 17 intergenic regions. In model 1 (Fig. 1B) , 4 CpG sites were associated with TC, 4 with HDL-c, 18 with TG and 1 with both TG and HDL-c; in model 2 (Fig. 1C) , 16 CpGs were associated with TC, 7 with LDL-c, 39 with HDL-c, 35 with TG, 5 with both TC and LDL-c and 3 with HDL-c and TG.
We also performed sensitivity analyses excluding those participants taking cholesterol-lowering drugs and adjusting for diabetes and body mass index (BMI). The results remained consistent (Supplementary Material, Table S2 ).
Validation stage of the EWAS analysis
After applying the same quality control steps as in the discovery analysis, the validation study included 2,542 individuals (99.0%; 26 individuals excluded) and all the CpG sites identified in the discovery stage. The characteristics of the population included in the validation stage are shown in Table 1 . The associations observed between the 113 CpGs selected and the lipid traits in the Framingham Offspring study are shown in Supplementary Material, Table S1 .
Meta-analyses
After meta-analysis of the results obtained in the REGICOR and Framingham Offspring studies, we validated 12 CpG sites using model 1, and 2 additional CpGs using model 2 ( Table 2) . Of the 14 hits, one CpG was associated with TC, 3 CpGs with HDL-c, 7 with TG and 3 CpGs with both TG and HDL-c ( Table 2 and Fig.  1D ). Validated CpG sites were located in 9 genes and 2 intergenic regions. One gene (SREBF2) was associated with TC, 4 (SYNGAP1, SREBF1, PHOSPHO1 and ABCG1) with HDL-c and 6 (TXNIP, SLC7A11, MYLIP, CPT1A, SREBF1 and ABCG1) with TG. These 14 CpGs explained 3.84%, 10.33% and 16.07% of the variability of TC, HDL-c and TG, in REGICOR, and 0.74%, 9.51% and 18.89% in Framingham, respectively (Table 3 , Supplementary Material, Fig. S2 ).
Gene expression analyses
The results of the Genetics of Lipid-lowering Drugs and Diet Network (GOLDN) study showed that the methylation of cg16000331 and cg11024682 was inversely associated with the expression of the genes SREBF2 and SREBF1, respectively (Table 4 ). In turn, SREBF1 expression was directly associated with higher levels of HDL cholesterol (Table 4 ).
Genetic variation and lipid profile
The aggregated results of the Global Lipids Genetics Consortium showed some genetic variants in SREBF1, PHOSPHO1, ABCG1 and CPT1A associated with the lipid trait of interest (Table 5 , Supplementary Material, Table S4 ).
Discussion
In this EWAS we have identified and validated 14 CpG sites located in 9 genes (SREBF1, SREBF2, PHOSPHO1, SYNGAP1, ABCG1, CPT1A, MYLIP, TXNIP and SLC7A11) and 2 intergenic regions that showed differential methylation in association with 3 lipid traits: TC, HDL-c and TG. This differential methylation in the validated CpGs explained around 10% of the variability of HDL-c and around 16-18% of the variability of TG. These results replicated previous findings showing an association between lipid traits and DNA methylation in three genes (ABCG1, SREBF1 and CPT1A) and 1 intergenic region (5, 6, 8, 9) . In addition, we identified 6 new genes and 1 intergenic region showing differential methylation in relation to TC (SREBF2), HDL-c (PHOSPHO1, SYNGAP1 and an intergenic region located in chromosome 2) and TG (MYLIP, TXNIP and SLC7A11). The expression of the genes SREBF2 and SREBF1 was inversely associated with methylation of their corresponding CpGs. In turn, the expression of SREBF1 was associated with higher levels of HDL cholesterol. Finally, genetic variants in SREBF1, PHOSPHO1, ABCG1 and CPT1A were also associated with the lipid profile.
Previous findings associated ABCG1 methylation with TG and HDL-c levels (6, 8, 9) . A direct relationship of ABCG1 methylation with coronary artery disease and aging has also been reported (6, 9, 10) . Reduced levels of DNA methylation in the ABCG1 promoter region have also been observed in patients under aspirin therapy (11) . Our results on SREBF1 methylation and TG are also consistent with previous findings, validating the direction and the magnitude of the association (5, 6) . Furthermore, we observed a statistically significant association between methylation levels of SREBF1 and HDL-c in the opposite direction to that observed with TG. Previous studies also found an association between BMI and methylation of CpG sites located in CPT1A and SREBF1 (12, 13) . In a sensitivity analysis, we further adjusted our models including BMI as a potential intermediate variable; the magnitude of the association between methylation in these CpGs and TG or HDL-c was slightly reduced (16-28%; Supplementary Material, Table S3 ), suggesting that this association is only partially BMIdependent. In this study, we also provide data supporting that SREBF1 methylation is related to SREBF1 expression, which in turn is associated with HDL cholesterol. Moreover, genetic variants in this gene are also associated with HDL cholesterol. Globally, these results support the causal association between SREBF1 and HDL cholesterol and suggest a potential functional mechanism.
Novel findings in the present study include an association between lipid traits and different CpG methylation levels in SREBF2, PHOSPHO1, SYNGAP1, TXNIP, MYLIP and SLC7A11. Four of these genes, SREBF2, PHOSPHO1, TXNIP and MYLIP, merit detailed comment (See Supplementary Material for further discussion).
Sterol regulatory element binding factor 2 (SREBF2) is similar to SREBF1 and encodes membrane-bound transcription factors that control the metabolism of cholesterol and fatty acids. A common genetic variant of SREBF2 has been associated with intima-media thickness (14) . In the present study, we report a positive association between SREBF2 methylation and TC, in the same direction as the association between SREBF1 and TG. We also report an inverse association between SREBF2 methylation and expression. These results suggest a potential role of increased SRBEF2 methylation in atherosclerosis progression through lipid metabolism regulation.
Phosphatase orphan 1 (PHOSPHO1) plays an important role at early steps of inorganic phosphate-induced and matrix vesiclemediated calcification. Published studies show an up-regulation of PHOSPHO1 in vascular smooth muscle cells; administration of PHOSPHO1 inhibitors reduced vascular smooth calcification by 2.5-fold. Therefore, a procalcific role of PHOSPHO1 in pathologic vascular ossification is plausible (15, 16) . The present study found a direct association between the CpG methylation at this locus and HDL-cholesterol levels; other recent studies found an association with diabetes (17, 18) . The complex interrelations between lipids, diabetes and arterial calcifications merit additional studies (19) (20) (21) (22) , our data suggest that the low methylation level at this locus could be associated with higher PHOSPHO1 levels. This could induce calcification due to low HDL cholesterol levels and altered glucose homeostasis or other potential mechanisms. Thioredoxin-interacting protein (TXNIP) is involved in redox homeostasis. It is induced by glucose but suppressed by insulin, and acts as a regulator of glucose homeostasis in humans. Recent studies have shown different methylation levels of TXNIP gene in relation to type 2 diabetes (17, 18, (23) (24) (25) (26) . TXNIP has also been related to regulation of TG levels. It was proposed as a candidate gene for familial combined hyperlipidemia; however, other studies have not replicated this finding (27) (28) (29) (30) . A TXNIP genetic variant was associated with TG levels in diabetic participants (31) . In addition, the same TXNIP methylation CpG site was reported to be associated with TG levels, even though the association did not reach the statistical significance threshold in the meta-analyses (6) . Additional adjustment of our models including diabetes as a potential confounder variable did not modify the magnitude of the association between methylation in this CpG and TG levels (Supplementary Material, Table S2 ), suggesting that the association is independent of diabetes. In summary, low TXNIP methylation is associated with high triglycerides and altered glucose homeostasis and could increase the risk of atherosclerosis-related diseases.
Finally, we report a direct association between methylation in myosin regulatory light chain interacting protein (MYLIP), a ubiquitin ligase, and TG. MYLIP was recently identified as a novel regulator of the LDL receptor in a genome-wide association study, so now it is also called MYLIP/IDOL (inducible degrader of the LDL receptor) (32, 33) . The induction of MYLIP in macrophages and liver leads to the ubiquitination of LDL receptors, whereas MYLIP downregulation by RNA silencing increases LDL receptor levels and enhances LDL uptake (34) . This mechanism could be similar to that of PCSK9 inhibitors, making it a new therapeutic target if causality between MYLIP methylation and increased lipid levels can be demonstrated (35) . Our findings and previously published results support the hypothesis that high MYLIP methylation could decrease MYLIP expression and increase triglycerides by decreasing LDL receptor availability, increasing the risk of atherosclerosis-related diseases.
A major strength of the study was the use of standardized protocols to remove non-biological sources of variation. Moreover, we used a powerful statistical method that reduces outlier effects (robust linear regression) and adjusted for residual confounding factors (surrogate variables). We replicated and meta-analysed data in a very large external population in order to improve the quality of our evidence. We also have analysed the association between DNA methylation and gene expression, and between gene expression and lipid traits.
Some limitations of the study should be considered. First, some heterogeneity exists between the REGICOR and Framingham Offspring studies. To address the differences, we carried out a meta-analysis of CpG sites with significant coefficient differences between studies, using the random effects method, and the results did not change. Second, the design of the study was cross-sectional and therefore we cannot infer causality in the reported association between lipid traits and DNA methylation levels. Proper Mendelian randomization studies or prospective data are warranted to assess this issue (36) . In summary, this study replicated 4 loci (ABCG1, SREBF1, CPT1A and 1 intergenic region at chromosome 10) and discovered and validated 7 new loci (SREBF2, PHOSPHO1, SYNGAP1, TXNIP, MYLIP, SLC7A11, and one intergenic region at chromosome 2) showing differential methylation related to serum lipid profile. The findings point out some genes and pathways that may be related to lipid metabolism regulation and atherosclerosis. We also report a potential functional explanation for the association between SREBF1 methylation and HDL cholesterol that could be mediated by gene expression. Further research is needed to functionally validate the new loci and assess the causality of these associations.
Materials and Methods
Study design and participants
A cross-sectional two-stage epigenome-wide association study was designed.
Discovery stage
We used the REGICOR (REgistre GIron ı del COR) study, a population-based cohort that includes participants from different towns representing the urban and rural diversity of Girona Province in Catalonia (Spain). For this study, we considered those individuals initially enrolled in a survey performed during 2003-2005 (n ¼ 6,352; response rate 71.5%) who were still residing in these towns and attended a follow-up visit during 2009-2013 (n ¼ 4,980 participants; response rate 78.4%). From those participants, we randomly selected a subsample of 648 participants, all of whom reported that they were of European descent. All the participants gave written informed consent before their participation. This study follows the principles expressed in the Declaration of Helsinki and the legislation in Spain, and was approved by the local ethics committee.
Validation stage
We obtained methylation and phenotype data from the 
Serum lipid profile
In the REGICOR study, a team of trained nurses collected fasting blood samples, which were centrifuged between 15 and 30 min after extraction. Both serum and plasma samples were aliquoted and frozen at -80 C until analysis. Serum concentrations of TC and TG were determined enzymatically (Horiba ABX, Montpellier, France). Serum HDL-c concentrations were measured as soluble cholesterol determined by an accelerator selective detergent method (Horiba ABX). Analyses were performed in an ABX Pentra 400 (Horiba ABX, Montpellier, France). External quality assessment was performed with External Quality Control BIORAD (Bio-Rad, Hercules, California, USA) and Assessment-SEQC (Sociedad Española Qu ımica Cl ınica, Barcelona, Spain). LDL-c was calculated by the Friedewald equation when TG levels were lower than 300 mg/dl.
In the Framingham Offspring Study, lipid traits of interest were obtained from examination 8 data through dbGaP. Fasting TC, HDL-c and TG were determined directly and LDL-c was estimated by the Friedewald equation.
Other covariates
In the REGICOR study, the same group of trained nurses examined and administered all validated and standardized questionnaires and methods used to collect sociodemographic, lifestyle and cardiovascular risk factors information. In the Framingham Offspring study, the covariates of interest were obtained from examination 8 data through dbGaP.
Smoking status was self-reported and then categorized in four different groups: current smokers (smoked on average !1 cigarette/day at the time of the visit or gave up smoking <1 year before the visit); former smokers, between 1 and 5 years (gave up smoking up to 5 years before the visit); former smokers, more than 5 years; and never smokers (never smoked regularly, defined as an average !1 cigarette/day). Other phenotypes of interest are available in Supplementary Material. 
Infinium methylation 450K technology
In the REGICOR study, DNA was extracted from whole peripheral blood collected in 10 mL EDTA tubes using a standardized method (Puregen TM; Gentra Systems). In the Framingham Offspring Study, DNA was extracted from buffy coat using the same method. DNA methylation was assessed using the Illumina HumanMethylation450 BeadChip (Illumina), which interrogates 485,577 CpGs, following the Illumina Infinium HD Methylation protocol in both studies (37, 38) . Infinium Methylation 450K is an array-based technology allowing a maximum of 12 samples for each Beadchip. Each analysis runs onto a plate where it is possible to accommodate 8 Beadchips, permitting processing of 96 samples in a batch (39) . The 645 REGICOR samples were analysed in seven batches in two laboratories of the Spanish National Genotyping Centre: the Centre for Genomic Regulation in Barcelona (n ¼ 187) and the Centro Nacional de Investigaciones Oncol ogicas in Madrid (n¼ 458). Two duplicated samples were included in all the batches as an internal quality control. In the Framingham Offspring Study, 2,542 samples were analysed distributed in 30 batches in two different laboratories (n ¼ 499 and 2,043) (5, 40) . Duplicated samples were also included.
M-values were calculated according to Equation 1 and b-values were calculated using Equation 2:
' Where: M i is the intensity of methylated probes, U i is the intensity of unmethylated probes and a is a constant offset that takes values of 1 and 100 in the respective equations. Table 4 . Results of the GOLDN study corresponding to the association between methylation at the CpGs of interest and gene expression, and between gene expression and the corresponding lipid trait
Methylation-Gene Expression
Gene Expression-Lipid trait An M-value close to 0 means the CpG site is about halfmethylated. Positive M-values mean that there are more methylated than unmethylated cytosines; negative M-values indicate the opposite ratio. b-value ranges between 0 (completely unmethylated) and 1 (completely methylated). M-value was the main outcome variable due to its good statistical properties (41, 42) .
We assessed the quality control of the methylation data using a well-defined pipeline (see Supplementary Material) and standardized the M-values for batches following Equation 3:
r ;
Where: Z ¼ standardized M-value (M-stand), X¼ M-value for a specific individual, X¼ mean of M-value for a specific batch and n¼ sample size.
Statistical analysis
All the analyses were carried out by robust multivariable linear regression. For each association test, methylation was considered as the independent variable and lipid traits (TC, LDL-c, HDL-c and logarithm of TG) were considered as the outcome or dependent variables. We defined two models for each lipid trait: Model 1, adjusted for a pre-defined set of variables including sex, age, smoking status, batch effect and estimated cell count, and Model 2, additionally adjusted for surrogate variables to control for unmeasured potential confounding variables, including technical, environmental or demographic variables (43) . Cell count was estimated using Houseman's algorithm implemented in R::minfi and surrogate variables were estimated using the R::sva R package (44) (45) (46) .
We passed on to the validation stage those CpG sites associated with lipid traits which exceeded an arbitrary P-value threshold of 1 Â 10 À05 for either of the two models.
Finally, we performed a fixed-effects meta-analysis using data from the REGICOR study and Framingham Offspring Study for both models. We declared as statistically significant any association that fulfilled the Bonferroni criteria applied according to the number of probes that passed the quality control (P-value <1.17 Â 10 -07 ; 0.05/427,948 probes that passed the quality control). We also performed sensitivity analyses to detect for possible confounding factors, excluding those participants receiving treatment for dyslipidemia and adjusting for diabetes and BMI.
We calculated the statistical power of the meta-analysis to replicate those CpGs identified in the discovery stage: the magnitudes of the associations for the 113 CpGs included in the validation stage that could be considered as statistically significant, accepting an alpha risk of 1.17 Â 10 À07 , in a two-sided test and an 80% power are shown in Supplementary Material, Table S3 .
Additional functional and genetic validation
Methylation, gene expression and lipid profile analyses: the GOLDN study The GOLDN study included the families of self-reported European descent with at least two siblings, recruited from two centres in the National Heart, Lung, and Blood Institute Family Heart Study: Minneapolis, Minnesota, and Salt Lake City, Utah (47) . An extended description of the study is provided in the Supplementary Material.
Briefly, we used data from the baseline GOLDN visit for the present analysis. The Infinium HumanMethylation450 BeadChip (Illumina, San Diego, CA, USA) was used to quantify DNA methylation in CD4þ T-cells (5, 48) . For transcriptional profiling, we selected 102 unrelated GOLDN participants from the extremes of the BMI distribution. We extracted RNA from buffy coats using the TRIzol method (ThermoFisher Scientific, Waltham, MA, USA) and evaluated the quality of each RNA using Bioanalyzer (Agilent Technologies, Santa Clara, CA, USA) to ensure integrity. We fragmented purified poly Aþ RNA by controlled hydrolysis with a weak base, followed by conversion to cDNA with randomprimed reverse transcriptase. We then incorporated the cDNA into the Illumina libraries and sequenced on the HiSeq2000 platform. We used the STAR-2 pass method (49) to align pair-end read sequences. We obtained the aligned read count information for each gene transcript from the STAR output using the HTSeqcount program (50) . Two samples appeared as outliers and another two individuals were missing covariate data; the final sample in the analysis was 98 GOLDN participants.
We fitted linear mixed models to test for associations between methylation scores at each CpG site and gene transcript level, as well as between gene transcript level and lipid phenotypes. We only used CpG sites that could be mapped to a known gene in the methylation vs. expression analyses. We set the statistical significance level according to the Bonferroni principle, a ¼ 0.05/9 genes ¼ 0.0056.
